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Abstract The brain displays a remarkable ability to adapt following injury by altering its
connections through neural plasticity. Many of the biological mechanisms that underlie plasticity
are known, but there is little knowledge as to when, or where in the brain plasticity will occur
following injury. This knowledge could guide plasticity-promoting interventions and create a more
accurate roadmap of the recovery process following injury. We causally investigated the time-
course of plasticity after hippocampal lesions using multi-modal MRI in monkeys. We show that
post-injury plasticity is highly dynamic, but also largely predictable on the basis of the functional
connectivity of the lesioned region, gradients of cell densities across the cortex and the pre-lesion
network structure of the brain. The ability to predict which brain areas will plastically adapt their
functional connectivity following injury may allow us to decipher why some brain lesions lead to
permanent loss of cognitive function, while others do not.
DOI: https://doi.org/10.7554/eLife.34354.001
Introduction
Lesions to the brain set off a cascade of degenerative and protective plasticity-related processes.
Distant grey matter degeneration, and a loss of anatomical connectivity of grey matter areas not
directly affected by the lesion are common anatomical consequences of a lesion (Catani and ffytche,
2005; Zaczek et al., 1980). In addition, the extent of functional disconnection of intact regions is
associated with the degree of behavioral impairment following a lesion (Corbetta et al., 2005;
He et al., 2007) even if the areas remain structurally connected (van Meer et al., 2010). Conversely,
some brain areas adapt by altering their connectivity patterns and increasing their connections with
other, often unaffected areas (Yogarajah et al., 2010). It is thus important to be able to predict the
areas that will undergo a relative functional disconnection following a lesion, and to predict which
areas may functionally adapt in order to identify potential avenues for guiding adaptive plasticity.
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Currently, there is no quantitative way of predicting how unlesioned brain areas will adapt to injury
elsewhere.
Recovery following brain injury is highly variable and occurs in stages. Much recovery occurs in
the first few weeks following an injury, but functional improvements may continue until much later
(Berthier et al., 2011; Smania et al., 2010). Studies in rodents have shown that the microstructural
consequences of brain injury can vary dramatically at different times following injury, which could
have serious implications for potential treatment strategies (Hoskison et al., 2009). However, small
animal models of brain injury are not optimal for investigating chronic plastic changes, due to the
short lifespan of rodents leading to a conflation of lesion- and neurodevelopmental- or aging-related
plasticity. In human studies, pre-lesion scans are rare and are mostly available in patients with pre-
existing brain abnormalities, such as patients with epilepsy. In studies of humans with brain lesions,
the presence of possible pre-lesion pathology, combined with the non-specific nature of naturally
occurring lesions, complicates interpretation. Consequently, little is known about how plasticity that
occurs in the chronic stage following injury may differ from that occurring in the acute stage, and
when particular functional and structural adaptations may take place.
The rapid advance in tools for measuring brain structure and function has lead to a great increase
in the number of potentially informative predictors of plasticity following injury. It has recently been
proposed that mapping a lesion onto an atlas of connections could predict the remote areas
affected and perhaps the behavioral consequences of a lesion (Kuceyeski et al., 2014; Thiebaut de
Schotten et al., 2015). While this approach could be greatly informative, it is not yet clear which
remote areas may suffer the permanent negative consequences of an injury, and which may adapt
and recover. Other studies have suggested that the role of brain regions within the whole brain
architecture may be informative for the vulnerability to injury, with hub regions seemingly more likely
to be affected in a variety of brain disorders (Crossley et al., 2014). This suggests the hypothesis
that hub regions may distribute resources following a brain injury in order to aid recovery in areas
eLife digest The brain has the ability to adapt after injury, a process known as plasticity. When
one area sustains damage, for example following a car accident or stroke, other areas change their
activity and structure to compensate. Understanding how this happens is critical to helping people
recover from brain injuries. Certain factors may affect how well the brain can repair itself. These
include how much the damaged area interacts with other areas, and which cell types different areas
of the brain contain.
Froudist-Walsh et al. set out to determine how these factors influence recovery from brain injury
in monkeys, whose brains are similar to our own. The monkeys had damage to a structure called the
hippocampus. This part of the brain has a key role in memory, which is often impaired in patients
with brain injuries. The hippocampus cannot repair itself because the brain has only a limited
capacity to grow new neurons. Instead, the brain attempts to compensate for disruption to the
hippocampus via changes in other, undamaged areas.
Using brain imaging, Froudist-Walsh et al. show that the types of changes that occur depend on
how much time has passed since the injury. In the first three months, many areas of the brain change
how much they coordinate their activity with other areas. Highly connected areas reduce their
communication with other areas the most. In the long-term, the responses of brain areas depend
more on which cell types they contain. Areas with more support cells known as “glia” – which supply
nutrients and energy to neurons – are better able to adapt their connectivity up to a year after the
injury.
These findings may ultimately benefit people who have suffered brain injuries after accidents or
stroke. They suggest that stimulating intact brain areas may be helpful in the months immediately
after an injury. By contrast, long-term therapy may need to focus more on structural repair. Future
studies must build on these results to discover the best ways to induce successful recovery from
brain injury.
DOI: https://doi.org/10.7554/eLife.34354.002
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that are primarily affected by the injury (Achard et al., 2012). How this may occur at a microstruc-
tural level is unclear.
Recently, there has been a resurgence in interest in large-scale gradients in cortical organization
(Beul et al., 2017; Burt et al., 2018; Goulas et al., 2018; Margulies et al., 2016; Markov et al.,
2014; Sanides, 1962), and how this may enable cortical areas to specialize for distinct cognitive
functions (Chaudhuri et al., 2015). However, little attention has been paid to whether cortical gra-
dients of microstructural quantities, such as neuronal densities, or glial densities may also impose
critical limits on the ability of an area to adapt to injury. Neuron densities vary smoothly across the
cortical surface, with prefrontal cortex having less than half the neuron density of V1 (Collins et al.,
2010). Non-neuronal cells such as astrocytes and microglia can have both beneficial and detrimental
effects on post-injury plasticity (Anderson et al., 2003; Loane and Kumar, 2016), and the exact dis-
tribution of these cells throughout the brain may also constrain or modulate the response of a region
to injury.
We set out to investigate whether it is possible to predict plastic changes following a discrete,
specific lesion, using a bilateral excitotoxic lesion of the hippocampus. The hippocampus is a key
part of the episodic memory circuit, but the impact of lesions restricted to the hippocampus itself is
not always large (Malkova and Mishkin, 2003; Zola-Morgan and Squire, 1986). Because of the
widespread nature of the episodic memory circuit (Aggleton and Brown, 1999), we hypothesized
that this may be due to functional plasticity in the form of intact brain regions compensating for the
damaged area (a process we previously showed to be critically dependent on cholinergic inputs to
inferior temporal cortex following hippocampal disconnection (Browning et al., 2010;
Croxson et al., 2012).
We acquired MRI scans in macaque monkeys before and at two time points after bilateral excito-
toxic hippocampal lesions and found that the brain reacts to injury in a highly dynamic way, which is
in part predictable on the basis of the pre-lesion functional connectivity and micro- and macro-struc-
tural anatomy. Areas that were most connected to the hippocampus before the lesion reduced their
functional connectivity with areas in other modules in the acute stage, and showed a greater loss of
grey matter volume during the chronic stage. Nonetheless, they increased their functional connectiv-
ity with other areas in the same module during the chronic stage, suggesting that highly dynamic
processes of degeneration and plasticity occur in parallel over the year following the lesion. In con-
trast, hub regions suffered a general loss of functional connectivity during both the acute and
chronic stages. Areas with a higher density of neurons lost connectivity with areas within the same
module over the chronic period, while those with a higher density of non-neuronal cells (including
glia and cardiovascular support cells) significantly increased their between-module functional con-
nectivity over the same period, suggesting that a high density of these cells may be important to the
plastic recovery process. This is the first study to demonstrate quantitatively a relationship between
pre-lesion functional connectivity and the dynamic course of plasticity following a lesion and shows
that information across a range of spatial scales can aid in prediction of the plastic recovery process
following a lesion.
Results
Hippocampal lesions were precise and extensive
There was a significant reduction in hippocampal volume bilaterally during the acute stage measured
by T2-weighted scans (Figure 1A), histologically (Figure 1B) and deformation-based morphometry
of T1-weighted structural MRI scans (Figure 1C–D). All three analysis methods gave consistent
results. Lesions were mostly bilateral and extensive, although there was some apparent sparing of
the right hippocampus posteriorly across the five monkeys (Figure 1; Table 1). However, this is likely
an under-estimation of the amount of damage in the posterior part of the hippocampus, which is
narrower and therefore more susceptible to partial volume effects with neighbouring tissue.
Functional and structural measures of plasticity
We measured structural and functional changes across the whole brain using high-resolution MRI at
three time points: pre lesion, 3 months-post lesion and 12 months post-lesion in five macaque mon-
keys. The pre-lesion scans also included data from three additional control animals that did not go
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on to receive lesions. For clarity, we refer to the following stages: acute (pre-lesion vs. 3 months
post-lesion) and chronic (3 months vs. 12 months post-lesion). We do not make any claims as to dif-
ferent rates of behavioral recovery during these stages, and acknowledge that cognitive recovery
can occur in either stage following a brain insult (Berthier et al., 2011; Lazar and Antoniello,
2008).
Across all pairwise connections between brain regions, there was an overall increase in the func-
tional connectivity strength over the acute stage (t6318 = 9.37, p = 110
 22), and a decrease over
the chronic stage (t6318 =  16.85, p = 210
 62). In order to understand the specific regional
Figure 1. Bilateral hippocampal lesions. (A) T2-weighted hypersignal 6 days after surgery indicating local
inflammation in the hippocampus; overlap is shown for the five monkeys. (B) Sketch of hippocampal size based on
histology (Nissl stained sections) overlaid on atlas sections. The unlesioned hippocampal volume is shown in red.
Overlap of remaining hippocampal volume is shown for the five monkeys indicating shrinkage of the hippocampus
bilaterally in all monkeys. (C-D) Results of deformation-based morphometry analysis showing atrophy of the
hipppocampus (C) 3 months after the lesion and (D) 12 months after the lesion.
DOI: https://doi.org/10.7554/eLife.34354.003
Table 1. Remaining volume of tissue in each lesioned monkey (calculated relative to atlas volumes from Nissl-stained histological
sections registered to atlas sections) and lesion extent expressed as a percentage (1-(remaining volume/normal volume)).
Monkey
Left hemisphere remaining
volume
Right hemisphere remaining
volume
Bilateral remaining
volume
Left hemisphere
lesion %
Right hemisphere
lesion %
Total
lesion %
Atlas 268144 268665 536809
Mean 149379 121895 271274 44.29 54.63 49.46
E 184498 146047 330545 31.19 45.64 38.42
M 129741 84877 214618 51.62 68.41 60.02
N 159535 158787 318322 40.50 40.90 40.70
S 94769 89512 184281 64.66 66.68 65.67
T 178354 130254 308608 33.49 51.52 42.51
DOI: https://doi.org/10.7554/eLife.34354.010
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changes that were driving these global effects, we first divided the brain into multiple ‘modules’,
based on the resting-state functional connectivity data using the Louvain algorithm (Blondel et al.,
2008). Here a ‘module’ is a set of brain regions that have higher functional connectivity with the
other brain regions within the set than with brain regions outside the set. We investigated plastic
changes to the mean within-module functional connectivity for each brain area, and to the network
participation coefficient, which is a measure of how evenly the connections of a brain area are dis-
tributed across all of the modules in the brain. Thus brain regions that have a low proportion of their
connections with brain regions outside the local module have a low network participation coefficient,
whereas brain regions that are strongly connected with regions outside the local module have a high
network participation coefficient. On this basis, the network participation coefficient has been pro-
posed as a marker of connector hubs (Power et al., 2013). By analyzing within-module functional
connectivity and the network participation coefficient, we can build a picture of the changes in proc-
essing within and between functional modules over time. As these methods depend on the defini-
tion of the modules, which in turn depends on a rather arbitrary choice of a resolution parameter
(lambda), we report results that were robust across the entire range tested (minimum gamma = 0.8,
corresponding to two brain modules, maximum gamma = 1.4, corresponding to just one brain
region per module). Additionally, using deformation-based morphometry, we assessed changes to
grey-matter volume over the acute and chronic stages.
Anatomical and functional predictors of plasticity
We identified four factors that we hypothesized to be potential predictors of plasticity following the
lesion.
First and second, at a cellular level, post-lesion plasticity depends on the ability of neurons to
form novel synaptic connections, and on glial cells (particularly astrocytes and microglia) and other
cardiovascular support cells to aid in the creation and maintenance of such synapses. We thus inves-
tigated whether the gradients of neuronal and non-neuronal cell densities across the cortex were
associated with plasticity patterns in the acute and chronic stages. To do this, we mapped neuronal
and non-neuronal cell densities from a macaque anatomical study (Collins et al., 2010) onto the
Regional Map macroscopic template (Ko¨tter and Wanke, 2005) (Figure 2A,B).
Third, studies in humans have suggested that hub regions are strongly affected following a range
of neurological and psychiatric disorders, and that these regions are radically reorganized following
injury (Achard et al., 2012; Crossley et al., 2014). We therefore investigated whether the hub-like
properties of an area could predict its plastic alterations following hippocampal injury.
We created a continuous measure of the degree to which brain areas were hubs (a.k.a. ‘hubness’)
using the following method. As both network participation coefficient and node strength are pro-
posed measures of hubness, and are positively correlated, we performed a principal components
analysis on the strength and participation coefficient data, and took the first principal component,
which explained 73.19% of the variance in strength and participation coefficient to be our estimate
of hubness (Figure 2C).
Fourth, we reasoned that the strength of pre-lesion functional connectivity with the hippocam-
pus (the lesioned region) should affect the degree to which other regions in the brain plastically
reorganize their functional connectivity following the lesion, with regions that were highly function-
ally connected with the hippocampus likely being most highly affected by the lesion, and conse-
quently most in need of plastic reorganization.
We assessed pre-lesion hippocampal functional connectivity with all other cortical regions on the
basis of the pre-lesion resting-state fMRI scans and averaged between left and right hippocampus.
The average hippocampal functional connectivity is shown in Figure 2D. The strongest functional
connectivity was with medial and ventral temporal regions that are in close proximity to the hippo-
campus. In contrast, dorsal frontal regions showed a slight negative correlation with the hippocam-
pus. In order to test the anatomical validity of these functional connectivity patterns, we compared
them to the anatomical connectivity measures from the original (Stephan et al., 2001) and
‘enhanced’ (Deco et al., 2014) versions of the CoCoMac tract-tracing atlas. The enhanced version
has previously been a better fit to functional connectivity measures than the discrete-valued version
of the tract-tracing atlas (Deco et al., 2014; Grayson et al., 2016). Hippocampal functional connec-
tivity measured in the current study was highly correlated with anatomical connectivity measures in
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both the original (r = 0.54, p = 2.210 7) and enhanced versions of the CoCoMac Atlas (r = 0.60,
p = 3.610 9).
Figure 2. Anatomical and functional predictors of plasticity. (A-B) Neuron and non-neuronal cell densities were
mapped from Collins et al., 2010. (C) Hubness was calculated as each area’s projection onto the first principal
component of node strength and network participation coefficient data. (D) Pre-lesion hippocampal functional
connectivity was strongly correlated with anatomical connectivity derived from the CoCoMac tract-tracing atlas
(r = 0.54, p = 2.210 7) and enhanced versions of the CoCoMac Atlas (r = 0.60, p = 3.610 9). The hippocampus
was most strongly connected to ventral temporal lobe structures..
DOI: https://doi.org/10.7554/eLife.34354.004
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Hubness, and pre-lesion hippocampal functional connectivity predict an
acute stage drop in network participation
We entered the neuronal density, non-neuronal cell density, hubness and pre-lesion hippocampal
functional connectivity as predictors of acute changes in network participation coefficient in a step-
wise regression (Figure 3A). The model significantly predicted the cortex-wide pattern of acute
changes in network participation coefficient, explaining over half of the variance (F2,75 = 42.24,
p = 510 13, r2 = 0.53, Figure 3B). Hubness (t73 =  5.70, p = 210
 7), and pre-lesion hippocampal
functional connectivity (t73 =  5.25, p = 110
 6) were significantly associated with a drop in network
participation coefficient over the acute stage (Figure 3C). Neither neuron density (t73 =  1.04,
p = 0.29) nor non-neuronal cell density showed a significant association (t73 =  0.55, p = 0.59).
Non-neuronal cell density predicts a chronic stage rise in network
participation
As both the calculation of the acute and chronic stage changes contained the three-month time-
point, they were not independent. In order to identify the chronic stage changes that were indepen-
dent of the acute stage changes, we constructed a general linear model, using the acute stage
changes to predict the chronic stage changes. The relationship between the acute and chronic stage
changes to the network participation coefficient did not differ from chance (p = 0.66, corrected for
the shared timepoint, see Materials and methods), suggesting that distinct degenerative and plastic
processes affected network participation at the two stages. The residuals of this model were taken
to be the chronic stage changes that were independent of the acute stage changes.
We used the same predictors as during the acute stage to predict the chronic stage changes in
the network participation coefficient (Figure 3D). The model significantly predicted the cortex-wide
pattern of chronic stage changes in network participation coefficient (F2,75 = 24.3, p = 710
 9,
r2 = 0.39, Figure 3E). Non-neuronal cell density was significantly associated with a rise in network
participation coefficient over the chronic stage (t73 = 4.70, p = 110
 5). As in the acute phase, hub-
ness was significantly associated with a drop in network participation coefficient during the chronic
stage (t73 =  4.93, p – 4  10
 6) (Figure 3F). Neither neuron density (t73 = 1.57, p = 0.12) nor hip-
pocampal functional connectivity (t73 = 1.24, p = 0.22) were significant predictors of chronic stage
network participation changes.
Hubness is associated with an acute stage drop in within-module
functional connectivity
A model with hubness as the lone predictor (identified with stepwise regression) significantly pre-
dicted the cortex-wide pattern of acute stage changes in within-module functional connectivity
(Figure 4B; Figure 4C, F1,76 = 10.25, p = 0.002, r
2 = 0.12, hubness t73 =  3.20, p = 0.002, neuron
density t73 =  1.39, p = 0.168, non-neuronal cell density t73 =  0.92, p = 0.359, pre-lesion hippo-
campal functional connectivity t73 =  0.28, p = 0.782).
Higher pre-lesion hippocampal functional connectivity is associated
with a chronic stage rise in within-module functional connectivity
Acute (Figure 4A) and chronic stage (Figure 4D) changes to within-module connectivity were more
strongly positively associated than expected by chance (p < 0.001, corrected for the shared time-
point, see Materials and methods), suggesting that there may have been a continuation of degener-
ative or plastic processes from the acute to chronic stage. The residuals of this model were used to
identify the independent chronic stage changes to within-module connectivity.
The stepwise regression model significantly predicted the cortex-wide pattern of chronic stage
changes in within-module functional connectivity (F3,74 = 7.68, p = 0.0002, r
2 = 0.24, Figure 4E).
Neuron density (t73 =  2.54, p = 0.013) was a significant predictor of a drop in within-module func-
tional connectivity during the chronic stage. In contrast, pre-lesion hippocampal functional connec-
tivity was associated with a chronic stage increase in within-module functional connectivity
(t73 = 4.04, p = 0.0001). Non-neuronal cell density was not included in the final model (t73 =  1.33,
p = 0.19). Hubness (t73 =  2.08, p = 0.04) was a significant predictor of a chronic stage decrease in
within-module functional connectivity across most (lambda = 0.8–1 and 1.3–1.4), but not all
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Figure 3. Changes in network participation are strongly predicted by pre-lesion anatomy and functional connectivity. (A) Most brain regions showed a
drop in network participation over the acute stage. (B-C) The degree to which individual brain regions reduced their network participation over the
acute stage was well predicted by their pre-lesion connectivity to the hippocampus and the extent to which they acted as hubs in the pre-lesion
network (‘hubness’). (B) A scatter plot of the acute stage changes to the network participation coefficient for each brain regions, compared to model
predictions. Brain regions are coloured according to their pre-lesion connectivity with the hippocampus (compare with Figure 2D). (D-F) As in (A-C),
but for chronic stage changes to network participation. Note that areas with a higher non-neuronal cell density showed the greatest increase in the
network participation coefficient over the chronic stage. Note that (D) shows the overall within network participation coefficient changes for the chronic
stage, while the model predictions and data shown in (E-F) corresponded to the residual chronic stage changes to within the network participation
coefficient, after regressing out acute stage changes. * signifies that these predictors were significant and included in the final model.
DOI: https://doi.org/10.7554/eLife.34354.005
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Figure 4. Pre-lesion hippocampal connectivity is associated with a rise in within-module connectivity over the chronic stage. (A) The pattern of acute
stage increases and decreases to within-module connectivity. (B-C) The degree to which individual brain regions changed their within-module
connectivity over the acute stage was significantly associated with the extent to which they acted as hubs in the pre-lesion network (‘hubness’). Scatter
plot in (B) shows brain regions coloured according to their pre-lesion connectivity with the hippocampus (compare with Figure 2D). (D-F) As in (A-C),
but for chronic stage changes to within-module connectivity. Note that (D) shows the overall within module-connectivity changes for the chronic stage,
while the model predictions and data shown in (E-F) corresponded to the residual chronic stage changes to within module-connectivity, after regressing
out acute stage changes. * signifies that these predictors were significant and included in the final model.
DOI: https://doi.org/10.7554/eLife.34354.006
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 9 of 29
Research article Neuroscience
(lambda = 1.1, p = 0.053, lambda = 1.2, p = 0.075) of the repetitions of the analysis with different
resolution parameters (lambda), and thus may be viewed as a marginal result (Figure 4F).
Higher pre-lesion hippocampal functional connectivity is associated
with a chronic stage drop in grey-matter volume
None of the four predictors significantly predicted acute stage changes in grey matter volume (neu-
ron density: t73 = 1.10, p = 0.27, non-neuronal cell density: t73 = 0.40, p = 0.69, hubness: t73 = 1.27,
p = 0.21, hippocampal functional connectivity: t73 =  0.11, p = 0.91) (Figure 5A–C).
Acute and chronic stage changes to cortical grey matter volume were more strongly positively
associated than expected by chance (p = 0.01, corrected for the shared timepoint, see
Materials and methods), suggesting that there may have been a continuation of degenerative grey
matter loss from the acute to chronic stage. The residuals of this model were used to identify the
independent chronic stage changes to cortical grey matter volume.
The stepwise regression model for chronic stage changes to grey matter volume included only
pre-lesion hippocampal functional connectivity in the final model (F1,76 = 16.39, r
2 = 0.17,
t73 =  4.05, p = 0.0001). Neuron density (t73 = 1.58, p = 0.118), non-neuronal cell density
(t73 = 0.28, p = 0.779) and hubness (t73 =  1.92, p = 0.058) did not make the cut-off for inclusion in
the model (Figure 5E–G).
Grey matter volume was reduced in a small number of areas in the
acute stage, with further reductions in the chronic stage
In order to investigate grey-matter volume changes to the whole-brain (not restricted to cortex), we
performed a deformation-based morphometry analysis of the grey-matter volume changes using a
linear mixed model. Results are shown in Figure 5D,H, thresholded at p < 0.005 and a minimum
cluster size of 5 mm3 (Sallet et al., 2011).
During the acute stage, there were very limited volumetric decreases in the medial septum,
amygdala and dorsal premotor cortex. No increases survived thresholding (Figure 5D). At the
chronic stage, we still saw decreases in the medial septum, but also a larger range of decreases.
Some of these were also in areas that are monosynaptically connected with the hippocampus: the
medial orbitofrontal cortex, posterior cingulate cortex and posterior parahippocampal cortex. There
were also more extensive volumetric decreases, in the anterior prefrontal cortex (medial and lateral),
ventrolateral prefrontal cortex, dorsal striatum, visual cortex and superior temporal cortex. There
were also volumetric increases in the cerebellum, midbrain and premotor cortex. These results did
not survive multiple comparisons correction (possibly due to our small sample size), so these changes
should be viewed with this caveat in mind.
Modularity is affected by hippocampal lesions
We investigated the effect that the hippocampal lesions had on the macroconnectivity structure by
examining the changes in individual modules, which, along with hubs are considered the canonical
forms of integration and segregation, and hallmarks of interareal connectomes (Rubinov, 2016).
We estimated modules based on the pre-lesion data, repeated 10,000 times. The most reliable
modules are shown in Figure 6A. Four modules were identified, orbitofrontal cortex/anterior tempo-
ral lobe, posterior temporal, parieto-occipital and dorsal frontal. The relative functional connectivity
of these modules within the pre-lesion network is shown in Figure 6B (colors as in 6A). In these
force-directed graph representations, functional connectivity acts as an attractive force between two
nodes, so nodes that are closer together are more highly connected. The parieto-occipital module
(orange) is highly connected to the three other modules.
Following the orange parieto-occipital module through time (Figure 6B), three months after the
lesion the parieto-occipital module is still relatively closely connected both with itself and with the
other three networks (although its nodes have dispersed a little). At 12 months after the lesion how-
ever, this module (orange) becomes dramatically dispersed.
We quantified this dispersion as the mean drop in within-module functional connectivity over the
acute and chronic stages (Figure 6C–D). During the acute stage, (Figure 6C), there is not a large
drop in within-module functional connectivity, although there is a significant difference between
modules (F3,76=19.54, p = 410
 9), with the parieto-occipital module dispersing somewhat, and the
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 10 of 29
Research article Neuroscience
Figure 5. Grey matter loss at the chronic stage was most prominent in cortical regions that were strongly connected to the hippocampus. (A) The
pattern of acute stage increases and decreases to cortical grey matter volume. (B-C) No significant predictors of acute stage cortical grey matter
changes were identified. (D) Whole brain voxelwise analysis revealed very limited volumetric decreases in the medial septum, amygdala and dorsal
premotor cortex. (E) As in (A), but for chronic stage changes to cortical grey-matter volume. (E-F). The degree to which individual cortical regions
Figure 5 continued on next page
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dorsal frontal and OFC/anterior temporal modules increasing their within-module functional
connectivity.
Figure 5 continued
changed their grey-matter volume over the chronic stage was significantly associated with the extent to which they were functionally connected to the
hippocampus before the lesion. Scatter plot in (B) shows brain regions coloured according to their pre-lesion connectivity with the hippocampus
(compare with Figure 2D). Note that (E) shows the overall within module-connectivity changes for the chronic stage, while the model predictions and
data shown in (F-G) corresponded to the residual chronic stage changes to within module-connectivity, after regressing out acute stage changes. *
signifies that this predictor was significant and included in the final model. (H) Whole brain voxelwise analysis revealed a larger range of decreases in
grey-matter volume over the chronic stage. There were also volumetric increases in the cerebellum, midbrain and premotor cortex. These results did
not survive multiple comparisons correction.
DOI: https://doi.org/10.7554/eLife.34354.007
Figure 6. Effects of hippocampal lesions on module structure. The most consistent pre-operatively defined modules are shown anatomically (A) and
using a force-directed graph representation (B) where highly functionally connected brain regions are plotted close together. Before the lesion, the
parieto-occipital module (orange) is highly connected to the three other modules. At 3 months post-lesion, the network looks largely similar, although
there may have been some dispersion. At 12 months post-lesion however, the parieto-occipital module is completely dispersed, with some dispersion
of other modules. (C-D) We quantified this dispersion by the mean change in within-module functional connectivity for each module. There is a
significant effect of module on node dispersion over both the acute (C – pre-lesion vs. 3 months post-lesion) and chronic (D – 3 months vs 12 months
post-lesion) stages.
DOI: https://doi.org/10.7554/eLife.34354.008
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During the chronic stage (Figure 6D), there is a drop in within-module functional connectivity
across all modules, with by far the greatest dispersion occurring in the parieto-occipital module
(F3,76=41.86, p = 410
 16).
The dispersion of the parieto-occipital module, which previously acted as a link between other
modules, also led to a drop in connectivity between the modules, as seen by an increase in the mod-
ularity during the chronic stage (pre-lesion: 0.33, 3 months post-lesion: 0.34, 12 months post-lesion:
0.49; F2,297=60230, p~0). There were always fewer modules at 12 months after the lesion compared
to the pre-lesion scan, at all values of lambda tested (range 0.8–1.4).
Relationship between cell densities and hubs
In an exploratory analysis we performed a stepwise regression in order to assess the relationship
between cell densities and ‘hubness’. A model containing both neuron and non-neuronal cell density
significantly predicted hubness (F2,75 = 6.18, r
2 = 0.14, p = 0.003). Neuron density was positively
associated with hubness (t = 3.49, p = 0.008), while non-neuronal cell density was negatively associ-
ated with hubness (t =  2.19, p = 0.032).
Statistical comparison between full dataset and two-monkey dataset
In order to test whether the above results were due to the fact that, in some cases, scans of different
monkeys were used at different timepoints, we repeated all analyses with the data from two mon-
keys with a complete set of pre- and post-lesion scans. We tested whether the beta values of the
four independent variables (neuron and non-neuronal cell densities, hubness and pre-lesion hippo-
campal connectivity) for each of the above regression analyses significantly differed between the
two datasets using non-parametric statistics (see Materials and methods). Of the 24 beta-values
assessed, the following differences in beta-values between datasets were observed. Hippocampal
connectivity as a predictor for chronic changes in participation coefficient (p = 0.034), hubness as a
predictor of acute changes in within-module connectivity (p = 0.0004) and hubness as a predictor of
chronic changes in grey matter volume (p = 0.019). In all three of these cases the significance of the
result, and hence the interpretation did not change; that is, hubness remained a significant predictor
of acute changes in within-module connectivity in the full and two-monkey datasets, and the two
other predictors remained non-significant.
Discussion
Here we show that, following an excitotoxic lesion of the hippocampus, functional and structural
changes occur dynamically over time. The pattern of functional connectivity of the hippocampus
before a lesion can significantly predict the brain areas that will show functional connectivity changes
and grey matter volume loss after the lesion. Areas that were highly connected with the hippocam-
pus before the lesion showed a drop in network participation during the acute stage, and a loss of
grey matter volume over the chronic stage. However, they also increased their functional connectiv-
ity with other areas in the same module over the chronic stage. This may indicate that MRI is sensi-
tive to distinct microscale plasticity processes that occur during the acute and chronic stages post-
lesion. This was supported by contrasting associations between measures of neuronal and non-neu-
ronal cell densities with functional connectivity changes. Neuronal density was associated with a
greater loss of within-module functional connectivity during the chronic stage, while non-neuronal
cell density was associated with increases in network participation over the same stage. Network
hubs showed a distinctive pattern of post-lesion alterations, which suggested they are more vulnera-
ble to the effects of the lesion. The more a region acted as a hub in the pre-lesion network, the
greater the reduction in functional connectivity at both the acute and chronic stages.
Pre-lesion functional connectivity predicts dynamic network
participation alterations
Changes in activation in distant brain regions are widely agreed to be among the first adaptations
following brain injury before a return to more normal-appearing activation patterns in the spared tis-
sue close to the affected site (Cramer, 2008). Recently in humans, connectomic information derived
from databases of healthy humans has been used to identify remote areas likely to be affected by a
lesion (Kuceyeski et al., 2014; Thiebaut de Schotten et al., 2015), but the relationship between
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the brain’s connectivity profile and the dynamics of plasticity had not previously been investigated.
Here, we show that functional connectivity can be highly predictive of dynamic plastic changes in
both the acute and chronic stages.
Stronger pre-lesion functional connectivity of the hippocampus was associated with a drop in net-
work participation over the acute stage and cortical grey matter volume over the chronic stage. The
strength of connectivity with the hippocampus was also associated with an increase in within-module
connectivity over the chronic stage. An intriguing possibility that should be investigated in larger
future studies is that the functional connectivity loss and recovery may correspond to the timeline of
loss and recovery of behavioral function following a lesion.
With just three scans over a year-long period, we were able to detect interesting dynamics of
local and global plasticity. This begs the question: at which stage over the year following injury are
the majority of changes happening? In a recent study, Grayson and colleagues examined network
changes in functional connectivity during reversible chemogenetic suppression of amygdala activity
(Grayson et al., 2016). In the minutes and hours following amygdala suppression, they were already
able to detect some network changes, with strong reduction in functional connectivity of the amyg-
dala and its local modules. On visual comparison of the force-directed graph plots of the current
study (Figure 6) and the study of Grayson et al (their Figure 7), it appears that the global network
structure is better preserved following chemogenetic disruption of the amygdala, than following per-
manent lesions of the hippocampus. This is not particularly surprising as permanent lesions are more
likely to induce large-scale plasticity, on the timescales of the present study. In that study they did
not explicitly calculate changes in hub functional connectivity or other graph-theory properties pre-
sented here, limiting the ability to directly compare results. Nonetheless, future studies combining
chemogenetic inactivations and permanent lesions of the same brain regions with multiple scanning
timepoints have the potential to uncover the fine-grained timeline of global brain alterations follow-
ing disruption of brain regions, and disentangle how these two methods for interfering with the func-
tion of an area may induce different alterations to brain functional connectivity and plasticity.
Our findings also have implications for the understanding of the role of medial temporal lobe
structures in memory function. While lesions of the hippocampus have been implicated in human
amnesia for decades (Corkin et al., 1997; Scoville and Milner, 1957), it is also clear that even focal
hippocampal damage has widespread consequences beyond the immediate functional damage, and
that memory is a distributed process that contains both segregation and overlap of function (Gaf-
fan, 2002). This concept of connectional diaschisis (Carrera and Tononi, 2014) has also been identi-
fied in human patients with focal hippocampal damage, where the functional alterations to a
network extended far beyond the structural damage (Henson et al., 2016). We significantly
extended these findings by quantitatively predicting changes in whole-brain functional connectivity
and grey matter volume from pre-lesion hippocampal functional connectivity, microstructural gra-
dients and network-based brain measures.
The processes underlying the mechanism of an excitotoxic lesion are partly overlapping with
those involved in human brain injury. The initial phase of an ischemic event, for example, leads to
excitotoxic death via activation of glutamate receptors, as in our deliberate NMDA lesion, but this is
only one of a cascade of processes (Cramer, 2008). The mechanisms involved in traumatic brain
injury are less similar to our excitotoxic lesions, starting with cerebral edema and increased intracra-
nial pressure, followed by a number of other factors of which glutamate excitotoxicity is just one
(Kinoshita, 2016). The strength of a specific NMDA-induced lesion, which spares fibers of passage
within or adjacent to the area (Coffey et al., 1988; Ko¨hler and Schwarcz, 1983) is that we can study
the effect of damage to a specific area on the rest of the brain.
Grey matter volume loss is in connected areas of the episodic memory
network
None of our factors predicted grey matter loss over the acute stage, but areas that were highly con-
nected with the hippocampus before the lesion suffered a greater loss of grey matter volume over
the chronic stage. We observed decreases in the volume of the medial septum, amygdala and poste-
rior parahippocampal cortex. These regions and the white matter tracts connecting them to the hip-
pocampus are also affected in human subjects with developmental amnesia (Dzieciol et al., 2017;
Olsen et al., 2013) and in people born very preterm (Ball et al., 2012; Caldinelli et al., 2017;
Froudist-Walsh et al., 2017; Salvan et al., 2014; Tseng et al., 2017). Although the severe structural
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 14 of 29
Research article Neuroscience
abnormalities associated with developmental amnesia lead to seemingly permanent impairments to
episodic memory (Vargha-Khadem et al., 2001), milder damage to this circuit may enable plastic
changes in cortical functional connectivity to partially compensate for damage to the core episodic
memory circuit (Isaacs et al., 2003; Nosarti and Froudist-Walsh, 2016). In the present study, the
incomplete damage to subcortical structures such as the mammillary bodies, fornix and connected
thalamic subregions in combination with plastic changes to spared areas may be crucial for the pres-
ervation or recovery or anterograde memory abilities (Baxter, 2013; Froudist-Walsh et al., 2018;
Mitchell et al., 2008). Nonetheless, we acknowledge a limitation of the study is that our design can-
not distinguish between compensatory and maladaptive plasticity.
Neuronal and non-neuronal cell densities predict different aspects of
post-lesion plasticity
We did not see a significant relationship between neuronal or non-neuronal density and acute post-
lesion plasticity. Neuronal cell density was significantly associated with the decrease in within-module
functional connectivity during the chronic stage. Dendritic tree size and spine count tend to show
opposite gradients to neuron density, with lowest values in early visual cortex and peaking in higher
association areas (Elston et al., 2010; Scholtens et al., 2014). Thus the loss of connectivity in areas
with higher neuron density may be reflective of other factors, such as a lack of dendritic spines that
can be crucial for synaptic plasticity. Indeed, local and distant remodeling of spines and dendritic
trees has been observed following stroke (Brown et al., 2007; Brown et al., 2010; Nudo, 2013).
We found that non-neuronal cell density was significantly positively associated with the increase
in network participation during the chronic stage. Although synaptic plasticity is traditionally thought
of as being neuronally initiated, it is now clear that astrocytes and microglia can modify synaptic con-
nectivity in a variety of ways (Ben Achour and Pascual, 2010; Allen and Barres, 2005;
Araque et al., 1999; Ullian et al., 2004) and can even alter synaptic strength in the absence of neu-
ronal activity (Clark et al., 2015). Astrocytes and microglia can have both beneficial and detrimental
effects on post-injury plasticity (Anderson et al., 2003; Loane and Kumar, 2016) and have emerged
as promising candidates for treatment following acquired brain injury in humans (Barreto et al.,
2011; Loane and Kumar, 2016). Our finding that non-neuronal cell density positively correlates with
the increase in the network participation coefficient during the chronic stage provides a novel link
between the local role of glia at the synapse, and plasticity of large-scale functional connectivity
patterns.
Hubs are preferentially affected by hippocampal lesions
We found that hub regions were more likely to lose functional connectivity with other regions
(reflected in a drop in both within-module functional connectivity and network participation) follow-
ing a lesion. This supports the idea that hubs are generally affected following brain injury or disor-
der. Crossley et al. (2014) put forward two hypotheses as to why hub regions are more likely to
suffer pathology in brain disorders (Crossley et al., 2014). The first hypothesis stated that hub
regions are more functionally valuable, and therefore damage to hub regions is more likely to be
symptomatic than damage elsewhere. Here we show that hub regions are in fact more likely to suffer
a loss of functional connectivity, even if the primary site of injury – the hippocampus – is not itself a
hub. This coincides to a greater degree with the second hypothesis of Crossley et al., namely that
hubs are biologically costly, and thus more vulnerable to various pathogenic processes. An extension
of that hypothesis is that hubs are more likely to be connected to the site of primary insult (in this
case the hippocampus), and more likely to suffer from diaschisis as a result.
We showed that ‘hubness’ was an independent predictor of structural and functional losses fol-
lowing a lesion, even after accounting for the effects of functional connectivity to the lesioned area.
The degradation of the hubs was also associated with a destruction of the overall network structure
in the chronic stage. At 12 months following the lesion, the whole brain network had separated into
a smaller number of weakly interconnected modules. This demonstrates effects that focal lesions can
have on global brain function.
The mechanism underlying the vulnerability of hubs to injury requires further study. Speculatively,
in an exploratory analysis, we found a relatively high neuron: non-neuronal cell ratio in hubs, perhaps
indicating a lack of glial other support cells per neuron. This may mean that hubs are less able to
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adapt to injury than non-hub areas. Several studies have recently examined the relationships
between cell densities and hub properties yet consistent relationships have yet to emerge, perhaps
due to the use of different experimental techniques and definitions of hubs across different species
(Beul et al., 2015; Beul et al., 2017; van den Heuvel et al., 2015; Rubinov et al., 2015;
Scholtens et al., 2014).
Caveats and future directions
Given our finding that plasticity following a lesion is highly dependent on the cellular composition of
different brain regions, it may be the case that the specific cellular composition of the hippocampus
may also have played a role in the patterns of plasticity we see here. The unique connectivity of the
hippocampus relative to other brain regions may also be an important factor. This suggests that we
may see very different patterns of plasticity following lesions to other brain regions. Future studies
will be needed to determine if the relationships between connectivity patterns, gradients of micro-
structure and patterns of plasticity following brain injury can be generalised to lesions to other brain
regions or are specific to the hippocampus.
Conclusions
By combining precise anatomical lesions with multiple, multi-modal scans across a period of a year
following a lesion, we were able to make three contributions to the literature. Firstly, we show that
functional and structural changes can greatly differ between acute and chronic stages. This highlights
the importance of carefully considering the time since injury when studying post-lesion plasticity and
behavioral recovery. We advocate, where possible, the collection of data at multiple time points fol-
lowing injury in order to accurately map the dynamic recovery process. Secondly, while it has been
known for some time that areas connected to a lesioned brain region are more likely to be affected
by the lesion than non-connected areas, to our knowledge this is the first study to show quantita-
tively that post-lesion plasticity patterns depend on pre-lesion functional connectivity. Lastly, we link
across spatial scales, and show how microstructural gradients and macrostructural network measures
can provide additional predictive value and insights into the plasticity process.
Materials and methods
This study was conducted ethically, humanely, and in accordance with federal regulations and the
guidelines contained in the National Research Council Guide for the Care and Use of Laboratory Ani-
mals. All animals were handled according to a protocol approved by the Animal Care and Use Com-
mittee (IACUC) at the Icahn School of Medicine at Mount Sinai. The institution also has been fully
accredited by the Association for Assessment and Accreditation of Laboratory Animal Care Interna-
tional (AAALAC - #00002) since 1967.
Data
Data are available to download from the INDI PRIMatE Data Exchange (Milham et al., 2018):
https://www.nitrc.org/account/login.php?return_to=http://fcon_1000.projects.nitrc.org/indi/PRIME-
downloads.html: Mount Sinai Philips Achieva 3T dataset. Users will first be prompted to log on to
NITRC and will need to register with the 1000 Functional Connectomes Project website on
NITRC (http://fcon_1000.projects.nitrc.org/indi/PRIME/mssm1.html) to gain access to the PRIME-DE
datasets.
The code used for analysis has been made available on Github: https://github.com/seanfw/froud-
ist-walsh-et-al-elife-2018 (Froudist-Walsh, 2018; copy archived at https://github.com/elifesciences-
publications/froudist-walsh-et-al-elife-2018).
Subjects
Subjects were seven male rhesus macaque monkeys (Macaca mulatta; mean age at start of experi-
ment 3.5 years, range 2.9–4 years, mean weight at start of scanning 6.0 kg, range 4.7–7.2 kg), and
one female cynomolgus macaque monkey (Macaca fascicularis; 8 years at start of experiment, 4.7 kg
at start of scanning). 4 of the male monkeys and the female monkey received bilateral neurotoxic
hippocampal lesions as described below. The animals were young adults at the time of lesion (mean
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age for the males, 4.4 years, range 3.7–4.75 years; female age 8 years). The other three males acted
as unoperated controls, along with pre-lesion data acquired before the lesions in the other monkeys.
They were scanned at the same point in the behavioral study as the operated males. Full datasets
were not available for every monkey as, due to the difficulty associated with acquiring high-resolu-
tion data from monkeys, some datasets were not of sufficient quality. The data acquired for each
monkey is shown in Table 2.
Behavior
All monkeys except the female cynomolgus were tested on a test of episodic memory, the object-in-
place scene learning task. The behavioral results from these monkeys M, N, S and T are described
elsewhere (H1-H4 in Froudist-Walsh et al., 2018). The monkeys had a retrograde memory
impairment but no anterograde memory impairment on the episodic memory task.
Hippocampal lesions
Monkeys received MRI-guided bilateral neurotoxic hippocampal lesions using methods described by
Hampton et al (Hampton et al., 2004). Neurosurgical procedures were performed in a dedicated
operating theatre under aseptic conditions. Briefly, monkeys were sedated with a cocktail of dex-
medetomidine (0.01 mg/kg), buprenorphine (0.01 mg/kg) and midazolam (0.1 mg/kg) given i.m..
Where necessary, top-ups were given of dex-medetomidine (0.003 mg/kg) and midazolam (0.1 mg/
kg) without buprenorphine (to avoid excessive respiratory depression) and any further top-ups of
dex-medetomidine (0.003 mg/kg) only as necessary. This protocol was selected to avoid the use of
the NMDA antagonist ketamine, which would potentially counteract the effects of the NMDA used
as an excitotoxin (Hampton et al., 2004).
Monkeys were intubated, an i.v. catheter placed and anesthesia was maintained with sevoflurane
(1.5–4%, to effect, in 100% oxygen). Monkeys were given glycopyrrolate (0.01 mg/kg i.m.), antibiot-
ics (Cefazolin, 25 mg/kg i.m.), steroids (methylprednisolone, 20 mg/kg i.v.), non-steroidal anti-inflam-
matories (meloxicam, 0.2 mg/kg i.v.), and a H2 receptor antagonist (ranitidine, 1 mg/kg, i.v.) to
prevent against gastric ulceration following the administration of both steroids and non-steroidal
anti-inflammatories. Atipamezole was used to reverse the a2-adrenergic agonist if necessary, once
anesthesia was stabilized. Monkeys received i.v. fluids throughout the procedure (5 ml/kg/hr i.v.).
The monkey was placed in a stereotaxic frame in exactly the same position as for the pre-opera-
tive structural MRI scan (employing a tooth marker; Saunders et al., 1990). The head was cleaned
with antimicrobial cleaner and the skin and underlying galea were opened in layers. Small holes were
drilled over the injection entry points: one dorsal and posterior to the long axis of the hippocampus
and one dorsal to the uncus in each hemisphere (see Hampton et al. (2004) for details). Two micro-
manipulators (Kopf Instruments, Tujunga, CA) were fitted with gas-tight syringes (Hamilton, Reno,
NV) with a 28 ga needle, point style 4, using measurements obtained from the preoperative T1-
weighted scan at the most anterior extent of the hippocampus and injections of N-methyl
Table 2. Details of monkeys and surgeries.
T1-weighted Resting-state
Monkey Group Pre 3 month 1 year Pre 3 month 1 year
E Lesion X X X X
M Lesion X X X X X X
N Lesion X X X X
S Lesion X X X X X
T Lesion X X X X X X
C Control X X
L Control X X
W Control X X
Total 8 5 4 6 4 4
DOI: https://doi.org/10.7554/eLife.34354.009
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D-aspartate (NMDA; 0.3 M in sterile saline) were made from anterior to posterior, spaced 1.5 mm
apart. Each injection was 3 ml in volume, made at a rate of 0.5 ml/min, with 1 min between targets.
After the final injection the needle was raised 0.5 mm and 10 min elapsed before it was extracted.
For the uncus injections two injections per hemisphere were made, 3 ml in volume, made at a rate of
0.5 ml/min, with 3 min between targets. Propanolol (0.5 ml of 1 mg/ml per dose) was administered
immediately prior to the NMDA injections and re-administered as necessary (up to four times) to
prevent tachycardia during the injections due to nonspecific effects of NMDA. One monkey received
propofol (4.0 ml total in boluses of 0.5–1.0 ml of a 10 mg/ml solution) to supplement anesthesia,
due to tachypnoea, also likely to be a nonspecific effect of NMDA. Once the lesion was completed
the skin and galea were sewn in layers.
When the lesion was complete, monkeys received 0.2 mg/kg metoclopramide (i.m.) to prevent
postoperative vomiting. Monkeys also received 0.1 mg/kg midazolam (i.m.) to prevent seizures.
They were extubated when a swallowing reflex was evident, returned to the home cage, and moni-
tored continuously until normal posture was regained. Post-operatively monkeys were treated with
antibiotics, steroids and analgesia for 3–5 days. Operated monkeys were returned to their social
groups within 3 days of the surgery.
Following the first surgery we assessed the lesion extent with a T2-weighted scan
(Ma´lkova´ et al., 2001) and used the result to plan the second surgery, targeting the injection co-
ordinates to regions with low hypersignal. All monkeys received two lesion surgeries except monkey
E, which only required one.
Whole-brain BOLD functional MRI data were collected for 40 min using a three-dimensional
sequence with the following parameters: 40 axial slices; dimensions 1.5  1.51.5 mm; TR, 2600 ms;
TE, 19 ms; 988 volumes, acceleration factor = 2. A structural scan (three averages) was acquired for
each monkey using a T1-weighted magnetization-prepared rapid-acquisition gradient echo
sequence (0.5  0.50.5 mm). An additional T1-weighted scan and a T2-weighted scan (0.5 
0.50.5 mm) were acquired 6 days post-operatively to assess lesion extent. For the resting-state
fMRI scans, isoflurane levels were kept to a minimum to ensure the preservation of resting-state net-
works: mean isoflurane 1.2%, range 1.0–1.6% (Hutchison et al., 2014; Vincent et al., 2007). Rest-
ing-state fMRI was carried out at least 2 hr after ketamine administration, to reduce detrimental
effects of ketamine on resting-state networks (Bonhomme et al., 2016). End-tidal CO2 was main-
tained in a normocapnic range wherever possible, to avoid effects of hypercapnia on the BOLD sig-
nal: mean CO2 39 mmHg, range 33–45 mmHg (Bandettini and Wong, 1997; Kastrup et al., 1999;
Rostrup et al., 2000).
Histology
At the end of the study, monkeys were deeply anaesthetized with ketamine (10 mg/kg), intubated
and given sodium barbiturate (sodium pentobarbital, 100 mg/kg) intravenously. They were then
transcardially perfused with 0.9% saline followed by 4% parafomaaldehyde. Brains were post-fixed in
paraformaldehyde overnight and then cryoprotected in 30% sucrose solution in 0.9% saline and cut
into 50 mm sections coronally on a freezing microtome. 1 in five sections was stained with cresyl vio-
let for cell bodies. The sections containing the hippocampus were photographed using a Nikon
Eclipse 80i light microscope with a 4x objective. Hippocampal volumetric reduction was carried out
in Fiji, a version of the image analysis program ImageJ (https://imagej.nih.gov/ij/). The volume of the
hippocampus was manually delineated on sections of the monkey atlas ‘Red’ (using criteria from
Ma´lkova´ et al., 2001) and the remaining hippocampal volume of the hippocampus was manually
delineated on images of the cresyl violet sections. The sections were then nonlinearly warped to the
atlas using the function bUnwarpJ and the volume of each hippocampal section calculated as a per-
centage of normal hippocampal volume (Table 1). The overlap between the remaining hippocampal
volume across all five monkeys and normal hippocampal volume is shown in Figure 1B.
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MRI data analysis
Hippocampal lesion assessment and structural alterations in connected
areas
Structural data preprocessing
This analysis involved structural scans from the pre-operative (n = 8), 3 months (n = 5) and 12 months
(n = 4) time points. The three structural images were averaged together to produce an image with
high signal to noise ratio.
Hippocampal lesion assessment
The post-operative T2-weighted scan was linearly registered to the pre-operative T1-weighted scan
using the FSL tool FLIRT. The pre-operative T1-weighted scans were then nonlinearly registered to
monkey MNI space using the FSL tool FNIRT and the inverse of the transform was also calculated.
We manually defined a hippocampus region of interest (ROI) on the MNI brain according to criteria
described in Ma´lkova´ et al. (2001), registered it back to the individual monkey’s pre-operative T1-
weighted image and manually edited it for precision. After thresholding the T2-weighted image for
each monkey at 85% of its maximum intensity and combining the two images (for the first and sec-
ond surgery) for monkeys M, N, S and T, we calculated the overlap with the hippocampus ROI for
each monkey. The volume of T2 hypersignal relative to the hippocampus ROI volume is shown in
Table 3. The T2 overlap for all monkeys is shown in in Figure 1A.
Deformation-based morphometric analysis
The structural data were first analyzed using a VBM-style analysis as employed by Sallet et al.
(Sallet et al., 2011), using the tools FNIRT and Randomise (Jenkinson et al., 2012; Winkler et al.,
2014). First, all brains were warped onto the MNI rhesus macaque atlas template (Frey et al., 2011)
using the affine linear registration tool FLIRT and then the nonlinear registration tool FNIRT to pro-
duce a study-specific template image. Because the amount of warping expected from the pre-opera-
tive to 3 months and 12 months time points was disproportionately large due to the lesions, we
included all off the brains, not just the control data, in the template (Reuter and Fischl, 2011;
Reuter et al., 2012). The nonlinear warping underwent five iterations, each with a higher resolution
warp and increasing refinement of the template, with the final warp using a warp resolution (knot-
spacing of cubic b-splines) of 1 mm isotropic. The restricted log determinant of the Jacobian of the
warp field for each brain to the template was extracted. This is the scalar value of the amount of
directional stretching required to align each structural image with the template.
Voxelwise analysis was carried out on an area limited by a grey matter mask extracted using auto-
mated segmentation with FAST on the rhesus macaque MNI template (Frey et al., 2011). Longitudi-
nal changes in grey matter volume were assessed using a linear mixed-effects model, implemented
in Matlab with the FreeSurfer function lme_mass_fit_vw for mass-univariate linear mixed model anal-
ysis (Bernal-Rusiel et al., 2013) (https://surfer.nmr.mgh.harvard.edu/fswiki/LinearMixedEffectsMo-
dels). For consistency, only time points and monkeys for which we had resting-state data were
analysed. Regions were designated as significant if they passed a threshold of p < 0.005, with a clus-
ter extent threshold of 5 mm3 voxels (Sallet et al., 2011).
Table 3. Lesion volumes calculated from T2-weighted hypersignal relative to whole hippocampal volume for each monkey. All
monkeys received two lesion attempts except monkey E.
Hippocampus Left Right
Monkey Lesion attempts Volume Lesion % Volume Lesion % Volume Lesion %
E 1 821.38 244.13 29.72 429.25 94.88 22.10 392.13 149.25 38.06
M 2 1019.75 563.38 55.25 516.63 190.50 36.87 503.13 372.88 74.11
N 2 1161.38 179.50 15.46 607.63 109.38 18.00 553.75 70.13 12.66
S 2 979.24 706.49 72.15 484.12 398.37 82.29 495.12 308.12 62.23
T 2 937.38 690.63 73.68 442.88 364.00 82.19 494.50 326.63 66.05
DOI: https://doi.org/10.7554/eLife.34354.011
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Network changes following hippocampal lesions
Functional data preprocessing
Resting-state fMRI data were analyzed using tools from FMRIB Software Library (FSL)
(Jenkinson et al., 2012), and MATLAB (Mathworks, Natick, MA, USA). Each functional dataset was
first skull-stripped using BET (Smith, 2002) and manually corrected to make sure that all brain areas
were included. Head motion artifacts were removed by linear regression (MCFLIRT), Gaussian spatial
smoothing was applied (FWHM 3 mm) and high-pass filtering (0.01 Hz) was applied to reduce noise
from scanner drift. Artifacts from vasculature, respiration and head motion were identified using
independent components analysis restricted to 40 components (MELODIC) (Beckmann and Smith,
2004) and removed by linear regression.
Tract-tracing data and atlas
Structural connectivity data were derived from the CoCoMac database of tract-tracing experiments,
originally described by Stephan et al (Stephan et al., 2001), as well as an ‘enhanced’ version of the
atlas, which was recently developed by Deco and colleagues (Deco et al., 2014). This enhanced ver-
sion of the atlas was developed by iteratively re-weighting connection strengths, and resulted in dra-
matically improved fits to resting-state functional MRI data. The data were used in combination with
the Regional Map atlas (Ko¨tter and Wanke, 2005) which was developed by the same group who
originally developed CoCoMac, for use with the database, and was mapped to the F99 standard
monkey template by Shen and colleagues (Shen et al., 2012). The Regional map contains 82 mainly
cortical regions, and includes the hippocampus and amygdala. The brain regions used, along with
their abbreviations, are shown in Table 4.
A warp was calculated from the F99 brain to the monkeys MNI brain using ANTs normalization
software (He et al., 2007) and was applied to the Regional Map atlas using nearest-neighbor inter-
polation in order to get the atlas into the (monkey MNI) space in which the functional MRI data
resided.
Connectivity matrix construction
Timecourses of hippocampal activity on the pre-lesion scans were extracted. Functional connectivity
of the left and right hippocampus with all other regions from the pre-lesion scans was calculated and
data for left and right hippocampus were averaged. The pre-lesion hippocampal connectivity was
then used as a predictor of plastic changes between timepoints. The hippocampus and amygdala
bilaterally were excluded from the network calculations (unless stated otherwise) in order to maintain
a constant number of nodes in the network and allow comparison with cortical cell densities from
the study of Collins et al. (2010). Timecourses from each of the remaining atlas regions were then
extracted from each resting-state scan. For each scan, a 78  78 functional connectivity matrix was
constructed. All analysis, except for those looking at the force-directed graph representations, were
carried out on the continuous, unthresholded functional connectivity matrices, in order to avoid
choosing arbitrary thresholds (Karolis et al., 2016). Functional connectivity matrices were averaged
across all monkeys at each timepoint.
Cortical grey matter preparation
We then attempted to predict structural alterations throughout the brain during the acute and
chronic stages using the same predictors as for the functional connectivity analyses described above.
In order to do this, we used the warps from each original pre- and post-lesion scan to the template.
Specifically, we extracted the log-Jacobian value for each area in the Regional Map, for each warp.
The log-Jacobian is a value that represents the amount of contraction (for negative numbers) or
expansion (positive numbers) that has taken place in order for the original brain region to closely
match the same brain region on the atlas. If a region has reduced in volume during the acute stage,
then this will be represented as a negative value when subtracting the log-Jacobian of the region on
the pre-lesion scan from the equivalent value at the 3-month scan. In contrast, an increase in volume
would lead to a positive value. The same logic holds from the chronic stage, when comparing the 3
month and 12 month scans.
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Table 4. List of regional map abbreviations and corresponding brain areas.
Regional map abbreviation Brain area
A1 Primary auditory cortex
A2 Secondary auditory cortex
Ia Anterior insula
Ip Posterior insula
Amyg Amygdala
CCa Anterior cingulate cortex
CCp Posterior cingulate cortex
CCr Retrosplenial cortex
CCs Subgenual cingulate cortex
FEF Frontal eye field
G Gustatory area
HC Hippocampus
M1 Primary motor cortex
PFCcl Centrolateral prefrontal cortex
PFCdl Dorsolateral prefrontal cortex
PFCdm Dorsomedial prefrontal cortex
PFCm Medial prefrontal cortex
PFCoi Intermediate orbital prefrontal cortex
PFCol Orbitolateral prefrontal cortex
PFCom Orbitomedial prefrontal cortex
PFCvl Ventrolateral prefrontal cortex
PFCpol Polar prefrontal cortex
PHC Parahippocampal cortex
PMCdl Dorsolateral premotor cortex
PMCm Medial (supplementary) premotor cortex
PMCvl Ventrolateral premotor cortex
S1 Primary somatosensory cortex
S2 Secondary somatosensory cortex
PCi Inferior parietal cortex
PCip Cortex of the intraparietal sulcus
PCm Medial parietal cortex
PCs Superior parietal cortex
TCc Central temporal cortex
TCi Inferior temporal cortex
TCs Superior temporal cortex
TCpol Polar temporal cortex
TCv Ventral temporal cortex
V1 Primary visual cortex
V2 Secondary visual cortex
VACd Dorsal anterior visual cortex
VACv Ventral anterior visual cortex
DOI: https://doi.org/10.7554/eLife.34354.012
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Visualisation of hippocampal functional connectivity and comparison with
CoCoMac
Hippocampal functional connectivity was visualized on the surface using the Connectome Work-
bench (www.humanconnectome.org/software/connectome-workbench).
After extracting hippocampal functional connectivity with the rest of the brain, we compared this
to the hippocampal structural connectivity on the basis of the original and enhanced CoCoMac
atlases, using Pearson correlations.
Cell density analysis
In order to map neuronal and glial density data onto the atlas used in the current study, two authors
(SFW and PLC) performed a consensus mapping from of the areas described in the anatomical study
of Collins et al. (Collins et al., 2010) onto the Regional Map (Ko¨tter and Wanke, 2005). If multiple
areas from the Collins Map related to a single area in the Regional Map, then a simple average of all
relevant areas was taken to represent the neuronal (or glial) density in that area.
Functional connectivity measures
In order to parsimoniously assess how each brain region’s functional connectivity profile was affected
by the hippocampal lesion, we assessed two measures of functional connectivity. Within-module
functional connectivity is the average functional connectivity of a node with all other nodes within its
local module (a.k.a. module). We also analyzed changes to the network participation coefficient,
which assesses how strongly a node’s functional connections are distributed across all modules in
the brain, and has been proposed as a measure of connector hubs in the brain (Power et al., 2013).
In order to assess brain functional connectivity in this manner, we defined the brain’s modules
(modules) using the Louvain module detection algorithm (Blondel et al., 2008), as implemented in
the Brain Connectivity Toolbox (Rubinov and Sporns, 2010). Module detection was repeated 10000
times, and the most consistent modules were used in the rest of the manuscript.
Module detection using the Louvain algorithm depends on choice of a resolution parameter
(lambda). In general results presented in the main manuscript use the default parameter value (1)
unless otherwise stated. However, we repeated all analyses using a range of values (between 0.8
and 1.4). These values were chosen as they represented extremes of module detection, with just two
modules being detected at lambda = 0.8, and modules of single brain areas being detected at
lambda = 1.4.
Hubs and modularity
As both high node strength and high network participation coefficient are proposed as identifiers of
network hubs, and the two metrics were positively correlated in the present data, we performed a
principal components analysis on the 78  2 matrix that represented a node strength and network
participation coefficient for each grey matter region. We found that the first principal component
explained 73.19% of the variance in the node strength and network participation coefficient data.
This first principal component then became our continuous ‘hubness’ measure.
Using the previous definition of modules, we then assessed the longitudinal changes in within-
module functional connectivity. A drop in within-module functional connectivity can be seen on the
force-directed graph representation of the matrix as a dispersion of the modules over time (Fig-
ure 6). Differences in dispersion between modules in the acute and chronic stages were assessed
using one-way ANOVA.
We then repeated the same analysis, but instead of assessing drop in within-module functional
connectivity for each module, we compared hub to non-hub regions, again using a one-way
ANOVA.
Prediction of plasticity in acute and chronic stages
The relationship between neuron density, non-neuronal cell density, hubness, pre-lesion hippocam-
pal connectivity and our outcome measures of plasticity (within-module functional connectivity, net-
work participation and cortical grey matter volume) was assessed using a series of stepwise
regression models.
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For the acute stage changes, a simple stepwise regression was performed with neuron density,
non-neuronal cell density, hubness, pre-lesion hippocampal connectivity as predictors and acute
stage changes to either within-module functional connectivity, network participation and cortical
grey matter volume as the dependent variable.
As the definition of the acute and chronic stage changes shared the 3 month scan, they were not
independent. In order to identify the chronic stage changes that were independent of acute stage
changes, we first assessed the relationship between the two using a general linear model with acute
stage changes as the independent variable and chronic stage changes as the dependent variable.
The residuals from this analysis were taken to be the independent chronic stage changes.
For the chronic stage changes, a stepwise regression was then performed, again with neuron den-
sity, non-neuronal cell density, hubness, pre-lesion hippocampal connectivity as predictors and the
residual chronic stage changes to either within-module functional connectivity, network participation
and cortical grey matter volume as the dependent variable.
As, by definition, the acute (3 month – 0 months) and chronic (1 year – 3 month) stages share a
common timepoint (the 3 month scan), one would expect a negative correlation across regions by
design. In order to assess whether the relationship between acute and chronic stage changes dif-
fered from that expected by chance, we created a null-distribution as follows. On each of 1000 simu-
lations, 234 random numbers were drawn and randomly divided into three groups of 78, matching
the number of extra-hippocampal brain regions recorded at the pre-lesion, acute and chronic stage
scans, respectively. Randomly generated acute (3 month – 0 month) and chronic (12 month – 3
month) stage ‘change’ measures were then calculated for each simulation, and a general linear
model was constructed with the random acute stage measure as a predictor of the random chronic
stage changes across the 78 ‘regions’. For each of the 1000 simulations, a t-statistic for the random
acute stage predictor was saved. These t-statistics became our null distribution, to which our experi-
mentally observed t-statistic could be compared. The experimental relationship was considered sig-
nificant if the value was within the top or bottom 2.5% of simulated correlation coefficients.
Relationship between micro- and macro-scale connectivity measures
We performed an exploratory analysis, where we analysed the relationship between cell density
measures and hubness. We used neuronal and non-neuronal cell densities as predictors of hubness
in a stepwise regression.
Statistical comparison between full dataset and two-monkey dataset
We tested for differences between the beta values in the regressions for the full and two-monkey
datasets use non-parametric statistics as follows. Under the null hypothesis, there is no difference
between the full and two-monkey datasets. Therefore we should obtain the same beta values for our
regressions at the acute and chronic stages regardless of whether the dependent variable data (e.g.
acute change in participation coefficient) for each region is taken from the full, or two-monkey data-
set. We thus created a null distribution as follows. For each of the 78 brain regions, the acute change
in participation coefficient was randomly taken from either the full, or two monkey datasets. We
then ran the acute stepwise regression, as in the original analysis. The beta values for the four inde-
pendent variables (neuron density, non-neuronal cell density, hubness and hippocampal connectivity)
for the original (full data) regression were then subtracted from the beta values for regression with
the randomly drawn data, and this difference in beta values was saved. This process was repeated
10,000 times with different random draws. Finally, to obtain a two-tailed p-value, the difference
between the beta values for the regression on the two-monkey data from the beta-values for the
full-data regression for each independent variable were compared to the null distribution. If the dif-
ference between the full- and two-monkey datasets lay outside the middle 95% of the null distribu-
tion, then the beta-values were said to be different at the p < 0.05 (two-tailed) level.
This process was repeated for each of the six dependent variables reported in the paper (acute/
chronic stage changes in participation coefficient, within-module connectivity and grey matter
volume).
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 23 of 29
Research article Neuroscience
Acknowledgements
We would like to thank Mark Baxter, Hauke Kolster, Ronald Primm, Ignacio Medel, Frank Macaluso,
Charles Adapoe, Cheuk Tang and Zahi Fayad for their support of this research. We would also like
to thank Mark Baxter and Peter Rudebeck for their comments on an earlier version of this manuscript
and Vyacheslav Karolis for helpful discussions. We would also like to thank Gustavo Deco and Kelly
Shen for providing data relating to the CoCoMac database and the Regional Map atlas.
This work was supported by a Charles H Revson Foundation Senior Fellowship in the Biomedical
Sciences to PLC and the Friedman Brain Institute at the Icahn School of Medicine at Mount Sinai.
RBM is supported by a BBSRC David Phillips Fellowship (BB/N019814/1).
Additional information
Funding
Funder Author
Icahn School of Medicine at
Mount Sinai
Paula L Croxson
Sean Froudist-Walsh
Biotechnology and Biological
Sciences Research Council
Rogier B Mars
Charles H. Revson Foundation Paula L Croxson
The funders had no role in study design, data collection and
interpretation, or the decision to submit the work for publication.
Author contributions
Sean Froudist-Walsh, Resources, Data curation, Software, Formal analysis, Validation, Investigation,
Visualization, Methodology, Writing—original draft, Writing—review and editing; Philip GF Brown-
ing, James J Young, Kathy L Murphy, Investigation, Methodology, Writing—review and editing;
Rogier B Mars, Investigation, Writing—original draft, Writing—review and editing; Lazar Fleysher,
Resources, Supervision, Investigation, Methodology; Paula L Croxson, Conceptualization, Resources,
Data curation, Formal analysis, Supervision, Funding acquisition, Investigation, Visualization, Meth-
odology, Writing—original draft, Project administration, Writing—review and editing
Author ORCIDs
Sean Froudist-Walsh http://orcid.org/0000-0003-4070-067X
James J Young https://orcid.org/0000-0001-9349-7519
Rogier B Mars http://orcid.org/0000-0001-6302-8631
Paula L Croxson http://orcid.org/0000-0002-4649-980X
Ethics
Animal experimentation: This study was conducted ethically, humanely, and in accordance with fed-
eral regulations and the guidelines contained in the National Research Council Guide for the Care
and Use of Laboratory Animals. All animals were handled according to a protocol approved by the
Animal Care and Use Committee (IACUC) at the Icahn School of Medicine at Mount Sinai. The insti-
tution also has been fully accredited by the Association for Assessment and Accreditation of Labora-
tory Animal Care International (AAALAC - #00002) since 1967. All animals procedures are described
in detail in the Materials and Methods section of the manuscript.
Decision letter and Author response
Decision letter https://doi.org/10.7554/eLife.34354.017
Author response https://doi.org/10.7554/eLife.34354.018
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 24 of 29
Research article Neuroscience
Additional files
Supplementary files
. Transparent reporting form
DOI: https://doi.org/10.7554/eLife.34354.013
Data availability
Data are available to download from the INDI PRIMatE Data Exchange (Milham et al., 2018): https://
www.nitrc.org/account/login.php?return_to=http://fcon_1000.projects.nitrc.org/indi/PRIMEdown-
loads.html as the Mount Sinai Philips Achieva 3T dataset. Users will first be prompted to log on to
NITRC and will need to register with the 1000 Functional Connectomes Project website on NITRC
(http://fcon_1000.projects.nitrc.org/indi/PRIME/mssm1.html) to gain access to the PRIME-DE data-
sets. The code used for analysis has been made available on GitHub: https://github.com/seanfw/
froudist-walsh-et-al-elife-2018 (copy archived at https://github.com/elifesciences-publications/froud-
ist-walsh-et-al-elife-2018).
The following dataset was generated:
Author(s) Year Dataset title Dataset URL
Database and
Identifier
Margulies D, Mil-
ham M, Schroeder
C
2017 Mount Sinai Philips Achieva 3T https://www.nitrc.org/ac-
count/login.php?return_
to=http://fcon_1000.pro-
jects.nitrc.org/indi/PRI-
MEdownloads.html
INDI PRIMatE Data
Exchange, https://
www.nitrc.org/frs/
downloadlink.php/10
419
References
Achard S, Delon-Martin C, Ve´rtes PE, Renard F, Schenck M, Schneider F, Heinrich C, Kremer S, Bullmore ET.
2012. Hubs of brain functional networks are radically reorganized in comatose patients. PNAS 109:20608–
20613. DOI: https://doi.org/10.1073/pnas.1208933109, PMID: 23185007
Aggleton JP, Brown MW. 1999. Episodic memory, amnesia, and the hippocampal-anterior thalamic axis.
Behavioral and Brain Sciences 22:425–444. DOI: https://doi.org/10.1017/S0140525X99002034, PMID: 1130151
8
Allen NJ, Barres BA. 2005. Signaling between glia and neurons: focus on synaptic plasticity. Current Opinion in
Neurobiology 15:542–548. DOI: https://doi.org/10.1016/j.conb.2005.08.006, PMID: 16144764
Anderson MF, Blomstrand F, Blomstrand C, Eriksson PS, Nilsson M. 2003. Astrocytes and stroke: networking for
survival? Neurochemical Research 28:293–305. DOI: https://doi.org/10.1023/A:1022385402197, PMID: 1260
8702
Araque A, Parpura V, Sanzgiri RP, Haydon PG. 1999. Tripartite synapses: glia, the unacknowledged partner.
Trends in Neurosciences 22:208–215. DOI: https://doi.org/10.1016/S0166-2236(98)01349-6, PMID: 10322493
Ball G, Boardman JP, Rueckert D, Aljabar P, Arichi T, Merchant N, Gousias IS, Edwards AD, Counsell SJ. 2012.
The effect of preterm birth on thalamic and cortical development. Cerebral Cortex 22:1016–1024. DOI: https://
doi.org/10.1093/cercor/bhr176, PMID: 21772018
Bandettini PA, Wong EC. 1997. A hypercapnia-based normalization method for improved spatial localization of
human brain activation with fMRI. NMR in Biomedicine 10:197–203. DOI: https://doi.org/10.1002/(SICI)1099-
1492(199706/08)10:4/5<197::AID-NBM466>3.0.CO;2-S, PMID: 9430348
Barreto G, White RE, Ouyang Y, Xu L, Giffard RG. 2011. Astrocytes: targets for neuroprotection in stroke.
Central Nervous System Agents in Medicinal Chemistry 11:164–173. DOI: https://doi.org/10.2174/
187152411796011303, PMID: 21521168
Baxter MG 2013. Mediodorsal thalamus and cognition in non-human primates. Frontiers in Systems
Neuroscience 7. DOI: https://doi.org/10.3389/fnsys.2013.00038, PMID: 23964206
Beckmann CF, Smith SM. 2004. Probabilistic independent component analysis for functional magnetic resonance
imaging. IEEE Transactions on Medical Imaging 23:137–152. DOI: https://doi.org/10.1109/TMI.2003.822821,
PMID: 14964560
Ben Achour S, Pascual O. 2010. Glia: the many ways to modulate synaptic plasticity. Neurochemistry
International 57:440–445. DOI: https://doi.org/10.1016/j.neuint.2010.02.013, PMID: 20193723
Bernal-Rusiel JL, Greve DN, Reuter M, Fischl B, Sabuncu MR, Initiative ADN, Alzheimer’s Disease Neuroimaging
Initiative. 2013. Statistical analysis of longitudinal neuroimage data with Linear Mixed Effects models.
NeuroImage 66:249–260. DOI: https://doi.org/10.1016/j.neuroimage.2012.10.065, PMID: 23123680
Berthier ML, Garcı´a-Casares N, Walsh SF, Nabrozidis A, Ruı´z de Mier RJ, Green C, Da´vila G, Gutie´rrez A,
Pulvermu¨ller F. 2011. Recovery from post-stroke aphasia: lessons from brain imaging and implications for
rehabilitation and biological treatments. Discovery Medicine 12:275–289. PMID: 22031666
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 25 of 29
Research article Neuroscience
Beul SF, Grant S, Hilgetag CC. 2015. A predictive model of the cat cortical connectome based on
cytoarchitecture and distance. Brain Structure and Function 220:3167–3184. DOI: https://doi.org/10.1007/
s00429-014-0849-y, PMID: 25062666
Beul SF, Barbas H, Hilgetag CC. 2017. A predictive structural model of the primate connectome. Scientific
Reports 7:43176. DOI: https://doi.org/10.1038/srep43176, PMID: 28256558
Blondel VD, Guillaume J-L, Lambiotte R, Lefebvre E. 2008. Fast unfolding of communities in large networks.
Journal of Statistical Mechanics: Theory and Experiment 2008:P10008. DOI: https://doi.org/10.1088/1742-
5468/2008/10/P10008
Bonhomme V, Vanhaudenhuyse A, Demertzi A, Bruno MA, Jaquet O, Bahri MA, Plenevaux A, Boly M, Boveroux
P, Soddu A, Brichant JF, Maquet P, Laureys S. 2016. Resting-state network-specific breakdown of functional
connectivity during ketamine alteration of consciousness in volunteers. Anesthesiology 125:873–888.
DOI: https://doi.org/10.1097/ALN.0000000000001275, PMID: 27496657
Brown CE, Li P, Boyd JD, Delaney KR, Murphy TH. 2007. Extensive turnover of dendritic spines and vascular
remodeling in cortical tissues recovering from stroke. Journal of Neuroscience 27:4101–4109. DOI: https://doi.
org/10.1523/JNEUROSCI.4295-06.2007, PMID: 17428988
Brown CE, Boyd JD, Murphy TH. 2010. Longitudinal in vivo imaging reveals balanced and branch-specific
remodeling of mature cortical pyramidal dendritic arbors after stroke. Journal of Cerebral Blood Flow &
Metabolism 30:783–791. DOI: https://doi.org/10.1038/jcbfm.2009.241, PMID: 19920846
Browning PG, Gaffan D, Croxson PL, Baxter MG. 2010. Severe scene learning impairment, but intact recognition
memory, after cholinergic depletion of inferotemporal cortex followed by fornix transection. Cerebral Cortex
20:282–293. DOI: https://doi.org/10.1093/cercor/bhp097, PMID: 19447862
Burt JB, Demirtas¸ M, Eckner WJ, Navejar NM, Ji JL, Martin WJ, Bernacchia A, Anticevic A, Murray JD. 2018.
Hierarchy of transcriptomic specialization across human cortex captured by structural neuroimaging
topography. Nature Neuroscience 21:1251–1259. DOI: https://doi.org/10.1038/s41593-018-0195-0, PMID: 300
82915
Caldinelli C, Froudist-Walsh S, Karolis V, Tseng CE, Allin MP, Walshe M, Cuddy M, Murray RM, Nosarti C. 2017.
White matter alterations to cingulum and fornix following very preterm birth and their relationship with
cognitive functions. NeuroImage 150:373–382. DOI: https://doi.org/10.1016/j.neuroimage.2017.02.026,
PMID: 28216430
Carrera E, Tononi G. 2014. Diaschisis: past, present, future. Brain 137:2408–2422. DOI: https://doi.org/10.1093/
brain/awu101, PMID: 24871646
Catani M, ffytche DH. 2005. The rises and falls of disconnection syndromes. Brain 128:2224–2239. DOI: https://
doi.org/10.1093/brain/awh622, PMID: 16141282
Chaudhuri R, Knoblauch K, Gariel MA, Kennedy H, Wang XJ. 2015. A large-scale circuit mechanism for
hierarchical dynamical processing in the primate cortex. Neuron 88:419–431. DOI: https://doi.org/10.1016/j.
neuron.2015.09.008, PMID: 26439530
Clark AK, Gruber-Schoffnegger D, Drdla-Schutting R, Gerhold KJ, Malcangio M, Sandku¨hler J. 2015. Selective
activation of microglia facilitates synaptic strength. Journal of Neuroscience 35:4552–4570. DOI: https://doi.
org/10.1523/JNEUROSCI.2061-14.2015, PMID: 25788673
Coffey PJ, Perry VH, Allen Y, Sinden J, Rawlins JN. 1988. Ibotenic acid induced demyelination in the central
nervous system: a consequence of a local inflammatory response. Neuroscience Letters 84:178–184.
DOI: https://doi.org/10.1016/0304-3940(88)90404-1, PMID: 3340323
Collins CE, Airey DC, Young NA, Leitch DB, Kaas JH. 2010. Neuron densities vary across and within cortical areas
in primates. PNAS 107:15927–15932. DOI: https://doi.org/10.1073/pnas.1010356107, PMID: 20798050
Corbetta M, Kincade MJ, Lewis C, Snyder AZ, Sapir A. 2005. Neural basis and recovery of spatial attention
deficits in spatial neglect. Nature Neuroscience 8:1603–1610. DOI: https://doi.org/10.1038/nn1574,
PMID: 16234807
Corkin S, Amaral DG, Gonza´lez RG, Johnson KA, Hyman BT. 1997. H. M.’s medial temporal lobe lesion: findings
from magnetic resonance imaging. The Journal of Neuroscience 17:3964–3979. DOI: https://doi.org/10.1523/
JNEUROSCI.17-10-03964.1997, PMID: 9133414
Cramer SC. 2008. Repairing the human brain after stroke: I. Mechanisms of spontaneous recovery. Annals of
Neurology 63:272–287. DOI: https://doi.org/10.1002/ana.21393, PMID: 18383072
Crossley NA, Mechelli A, Scott J, Carletti F, Fox PT, McGuire P, Bullmore ET. 2014. The hubs of the human
connectome are generally implicated in the anatomy of brain disorders. Brain 137:2382–2395. DOI: https://doi.
org/10.1093/brain/awu132, PMID: 25057133
Croxson PL, Browning PG, Gaffan D, Baxter MG. 2012. Acetylcholine facilitates recovery of episodic memory
after brain damage. Journal of Neuroscience 32:13787–13795. DOI: https://doi.org/10.1523/JNEUROSCI.2947-
12.2012, PMID: 23035090
Deco G, McIntosh AR, Shen K, Hutchison RM, Menon RS, Everling S, Hagmann P, Jirsa VK. 2014. Identification of
optimal structural connectivity using functional connectivity and neural modeling. Journal of Neuroscience 34:
7910–7916. DOI: https://doi.org/10.1523/JNEUROSCI.4423-13.2014, PMID: 24899713
Dzieciol AM, Bachevalier J, Saleem KS, Gadian DG, Saunders R, Chong WKK, Banks T, Mishkin M, Vargha-
Khadem F. 2017. Hippocampal and diencephalic pathology in developmental amnesia. Cortex 86:33–44.
DOI: https://doi.org/10.1016/j.cortex.2016.09.016, PMID: 27880886
Elston GN, Okamoto T, Oga T, Dornan D, Fujita I. 2010. Spinogenesis and pruning in the primary auditory cortex
of the macaque monkey (Macaca fascicularis): an intracellular injection study of layer III pyramidal cells. Brain
Research 1316:35–42. DOI: https://doi.org/10.1016/j.brainres.2009.12.056, PMID: 20043887
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 26 of 29
Research article Neuroscience
Frey S, Pandya DN, Chakravarty MM, Bailey L, Petrides M, Collins DL. 2011. An MRI based average macaque
monkey stereotaxic atlas and space (MNI monkey space). NeuroImage 55:1435–1442. DOI: https://doi.org/10.
1016/j.neuroimage.2011.01.040, PMID: 21256229
Froudist-Walsh S, Bloomfield MA, Veronese M, Kroll J, Karolis VR, Jauhar S, Bonoldi I, McGuire PK, Kapur S,
Murray RM, Nosarti C, Howes O. 2017. The effect of perinatal brain injury on dopaminergic function and
hippocampal volume in adult life. eLife 6:e29088. DOI: https://doi.org/10.7554/eLife.29088, PMID: 29179814
Froudist-Walsh S, Browning PGF, Croxson PL, Murphy KL, Shamy JL, Veuthey TL, Wilson CRE, Baxter MG. 2018.
The rhesus monkey hippocampus critically contributes to scene memory retrieval, but not new learning. The
Journal of Neuroscience 38:7800–7808. DOI: https://doi.org/10.1523/JNEUROSCI.0832-18.2018, PMID: 3004
9888
Froudist-Walsh S. 2018. froudist-walsh-et-al-elife-2018. GitHub. e82e40b. https://github.com/seanfw/froudist-
walsh-et-al-elife-2018
Gaffan D. 2002. Against memory systems. Philosophical Transactions of the Royal Society B: Biological Sciences
357:1111–1121. DOI: https://doi.org/10.1098/rstb.2002.1110, PMID: 12217178
Goulas A, Zilles K, Hilgetag CC. 2018. Cortical Gradients and Laminar Projections in Mammals. Trends in
Neurosciences 41:775–788. DOI: https://doi.org/10.1016/j.tins.2018.06.003, PMID: 29980393
Grayson DS, Bliss-Moreau E, Machado CJ, Bennett J, Shen K, Grant KA, Fair DA, Amaral DG. 2016. The rhesus
monkey connectome predicts disrupted functional networks resulting from pharmacogenetic inactivation of the
amygdala. Neuron 91:453–466. DOI: https://doi.org/10.1016/j.neuron.2016.06.005, PMID: 27477019
Hampton RR, Hampstead BM, Murray EA. 2004. Selective hippocampal damage in rhesus monkeys impairs
spatial memory in an open-field test. Hippocampus 14:808–818. DOI: https://doi.org/10.1002/hipo.10217,
PMID: 15382251
He BJ, Snyder AZ, Vincent JL, Epstein A, Shulman GL, Corbetta M. 2007. Breakdown of functional connectivity in
frontoparietal networks underlies behavioral deficits in spatial neglect. Neuron 53:905–918. DOI: https://doi.
org/10.1016/j.neuron.2007.02.013, PMID: 17359924
Henson RN, Greve A, Cooper E, Gregori M, Simons JS, Geerligs L, Erzinc¸liog˘lu S, Kapur N, Browne G. 2016. The
effects of hippocampal lesions on MRI measures of structural and functional connectivity. Hippocampus 26:
1447–1463. DOI: https://doi.org/10.1002/hipo.22621, PMID: 27479794
Hoskison MM, Moore AN, Hu B, Orsi S, Kobori N, Dash PK. 2009. Persistent working memory dysfunction
following traumatic brain injury: evidence for a time-dependent mechanism. Neuroscience 159:483–491.
DOI: https://doi.org/10.1016/j.neuroscience.2008.12.050, PMID: 19167462
Hutchison RM, Hutchison M, Manning KY, Menon RS, Everling S. 2014. Isoflurane induces dose-dependent
alterations in the cortical connectivity profiles and dynamic properties of the brain’s functional architecture.
Human Brain Mapping 35:5754–5775. DOI: https://doi.org/10.1002/hbm.22583, PMID: 25044934
Isaacs EB, Vargha-Khadem F, Watkins KE, Lucas A, Mishkin M, Gadian DG. 2003. Developmental amnesia and its
relationship to degree of hippocampal atrophy. PNAS 100:13060–13063. DOI: https://doi.org/10.1073/pnas.
1233825100, PMID: 14555756
Jenkinson M, Beckmann CF, Behrens TE, Woolrich MW, Smith SM. 2012. FSL. NeuroImage 62:782–790.
DOI: https://doi.org/10.1016/j.neuroimage.2011.09.015, PMID: 21979382
Kastrup A, Kru¨ger G, Glover GH, Neumann-Haefelin T, Moseley ME. 1999. Regional variability of cerebral blood
oxygenation response to hypercapnia. NeuroImage 10:675–681. DOI: https://doi.org/10.1006/nimg.1999.0505,
PMID: 10600413
Kinoshita K. 2016. Traumatic brain injury: pathophysiology for neurocritical care. Journal of Intensive Care 4:29.
DOI: https://doi.org/10.1186/s40560-016-0138-3, PMID: 27123305
Ko¨hler C, Schwarcz R. 1983. Comparison of ibotenate and kainate neurotoxicity in rat brain: a histological study.
Neuroscience 8:819–835. DOI: https://doi.org/10.1016/0306-4522(83)90013-1, PMID: 6346135
Ko¨tter R, Wanke E. 2005. Mapping brains without coordinates. Philosophical Transactions of the Royal Society B:
Biological Sciences 360:751–766. DOI: https://doi.org/10.1098/rstb.2005.1625, PMID: 15971361
Kuceyeski A, Kamel H, Navi BB, Raj A, Iadecola C. 2014. Predicting future brain tissue loss from white matter
connectivity disruption in ischemic stroke. Stroke 45:717–722. DOI: https://doi.org/10.1161/STROKEAHA.113.
003645, PMID: 24523041
Lazar RM, Antoniello D. 2008. Variability in recovery from aphasia. Current Neurology and Neuroscience Reports
8:497–502. DOI: https://doi.org/10.1007/s11910-008-0079-x, PMID: 18957187
Loane DJ, Kumar A. 2016. Microglia in the TBI brain: The good, the bad, and the dysregulated. Experimental
Neurology 275 Pt 3:316–327. DOI: https://doi.org/10.1016/j.expneurol.2015.08.018, PMID: 26342753
Ma´lkova´ L, Lex CK, Mishkin M, Saunders RC. 2001. MRI-Based evaluation of locus and extent of neurotoxic
lesions in monkeys. Hippocampus 11:361–370. DOI: https://doi.org/10.1002/hipo.1050, PMID: 11530840
Malkova L, Mishkin M. 2003. One-trial memory for object-place associations after separate lesions of
hippocampus and posterior parahippocampal region in the monkey. The Journal of Neuroscience 23:1956–
1965. DOI: https://doi.org/10.1523/JNEUROSCI.23-05-01956.2003, PMID: 12629201
Margulies DS, Ghosh SS, Goulas A, Falkiewicz M, Huntenburg JM, Langs G, Bezgin G, Eickhoff SB, Castellanos
FX, Petrides M, Jefferies E, Smallwood J. 2016. Situating the default-mode network along a principal gradient
of macroscale cortical organization. PNAS 113:12574–12579. DOI: https://doi.org/10.1073/pnas.1608282113,
PMID: 27791099
Markov NT, Vezoli J, Chameau P, Falchier A, Quilodran R, Huissoud C, Lamy C, Misery P, Giroud P, Ullman S,
Barone P, Dehay C, Knoblauch K, Kennedy H. 2014. Anatomy of hierarchy: feedforward and feedback pathways
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 27 of 29
Research article Neuroscience
in macaque visual cortex. Journal of Comparative Neurology 522:225–259. DOI: https://doi.org/10.1002/cne.
23458, PMID: 23983048
Milham MP, Ai L, Koo B, Xu T, Amiez C, Balezeau F, Baxter MG, Blezer ELA, Brochier T, Chen A, Croxson PL,
Damatac CG, Dehaene S, Everling S, Fair DA, Fleysher L, Freiwald W, Froudist-Walsh S, Griffiths TD, Guedj C,
et al. 2018. An open resource for non-human primate imaging. Neuron 100:61–74. DOI: https://doi.org/10.
1016/j.neuron.2018.08.039, PMID: 30269990
Mitchell AS, Browning PG, Wilson CR, Baxter MG, Gaffan D. 2008. Dissociable roles for cortical and subcortical
structures in memory retrieval and acquisition. Journal of Neuroscience 28:8387–8396. DOI: https://doi.org/10.
1523/JNEUROSCI.1924-08.2008, PMID: 18716197
Nosarti C, Froudist-Walsh S. 2016. Alterations in development of hippocampal and cortical memory mechanisms
following very preterm birth. Developmental Medicine & Child Neurology 58 Suppl 4:35–45. DOI: https://doi.
org/10.1111/dmcn.13042, PMID: 27027606
Nudo RJ. 2013. Recovery after brain injury: mechanisms and principles. Frontiers in Human Neuroscience 7:887.
DOI: https://doi.org/10.3389/fnhum.2013.00887, PMID: 24399951
Olsen RK, Palombo DJ, Rabin JS, Levine B, Ryan JD, Rosenbaum RS. 2013. Volumetric analysis of medial
temporal lobe subregions in developmental amnesia using high-resolution magnetic resonance imaging.
Hippocampus 23:855–860. DOI: https://doi.org/10.1002/hipo.22153, PMID: 23749334
Power JD, Schlaggar BL, Lessov-Schlaggar CN, Petersen SE. 2013. Evidence for hubs in human functional brain
networks. Neuron 79:798–813. DOI: https://doi.org/10.1016/j.neuron.2013.07.035, PMID: 23972601
Reuter M, Fischl B. 2011. Avoiding asymmetry-induced bias in longitudinal image processing. NeuroImage 57:
19–21. DOI: https://doi.org/10.1016/j.neuroimage.2011.02.076, PMID: 21376812
Reuter M, Schmansky NJ, Rosas HD, Fischl B. 2012. Within-subject template estimation for unbiased longitudinal
image analysis. NeuroImage 61:1402–1418. DOI: https://doi.org/10.1016/j.neuroimage.2012.02.084,
PMID: 22430496
Rostrup E, Law I, Blinkenberg M, Larsson HB, Born AP, Holm S, Paulson OB. 2000. Regional differences in the
CBF and BOLD responses to hypercapnia: a combined PET and fMRI study. NeuroImage 11:87–97.
DOI: https://doi.org/10.1006/nimg.1999.0526, PMID: 10679182
Rubinov M, Sporns O. 2010. Complex network measures of brain connectivity: uses and interpretations.
NeuroImage 52:1059–1069. DOI: https://doi.org/10.1016/j.neuroimage.2009.10.003, PMID: 19819337
Rubinov M, Ypma RJ, Watson C, Bullmore ET. 2015. Wiring cost and topological participation of the mouse
brain connectome. PNAS 112:10032–10037. DOI: https://doi.org/10.1073/pnas.1420315112, PMID: 26216962
Rubinov M. 2016. Constraints and spandrels of interareal connectomes. Nature Communications 7:13812.
DOI: https://doi.org/10.1038/ncomms13812, PMID: 27924867
Sallet J, Mars RB, Noonan MP, Andersson JL, O’Reilly JX, Jbabdi S, Croxson PL, Jenkinson M, Miller KL,
Rushworth MF. 2011. Social network size affects neural circuits in macaques. Science 334:697–700.
DOI: https://doi.org/10.1126/science.1210027, PMID: 22053054
Salvan P, Froudist Walsh S, Allin MP, Walshe M, Murray RM, Bhattacharyya S, McGuire PK, Williams SC, Nosarti
C. 2014. Road work on memory lane–functional and structural alterations to the learning and memory circuit in
adults born very preterm. NeuroImage 102 Pt 1:152–161. DOI: https://doi.org/10.1016/j.neuroimage.2013.12.
031, PMID: 24368264
Sanides F. 1962. Architectonics of the human frontal lobe of the brain. With a demonstration of the principles of
its formation as a reflection of phylogenetic differentiation of the cerebral cortex. Monographien Aus Dem
Gesamtgebiete Der Neurologie Und Psychiatrie 98:1–201. PMID: 13976313
Saunders RC, Aigner TG, Frank JA. 1990. Magnetic resonance imaging of the rhesus monkey brain: use for
stereotactic neurosurgery. Experimental Brain Research 81:443–446. DOI: https://doi.org/10.1007/
BF00228139, PMID: 2204546
Scholtens LH, Schmidt R, de Reus MA, van den Heuvel MP. 2014. Linking macroscale graph analytical organization
to microscale neuroarchitectonics in the macaque connectome. Journal of Neuroscience 34:12192–12205.
DOI: https://doi.org/10.1523/JNEUROSCI.0752-14.2014, PMID: 25186762
Scoville WB, Milner B. 1957. Loss of recent memory after bilateral hippocampal lesions. Journal of Neurology,
Neurosurgery & Psychiatry 20:11–21. DOI: https://doi.org/10.1136/jnnp.20.1.11, PMID: 13406589
Shen K, Bezgin G, Hutchison RM, Gati JS, Menon RS, Everling S, McIntosh AR. 2012. Information processing
architecture of functionally defined clusters in the macaque cortex. Journal of Neuroscience 32:17465–17476.
DOI: https://doi.org/10.1523/JNEUROSCI.2709-12.2012, PMID: 23197737
Smania N, Gandolfi M, Aglioti SM, Girardi P, Fiaschi A, Girardi F. 2010. How long is the recovery of global
aphasia? Twenty-five years of follow-up in a patient with left hemisphere stroke. Neurorehabilitation and Neural
Repair 24:871–875. DOI: https://doi.org/10.1177/1545968310368962, PMID: 20829410
Smith SM. 2002. Fast robust automated brain extraction. Human Brain Mapping 17:143–155. DOI: https://doi.
org/10.1002/hbm.10062, PMID: 12391568
Stephan KE, Kamper L, Bozkurt A, Burns GA, Young MP, Ko¨tter R. 2001. Advanced database methodology for
the collation of connectivity data on the macaque brain (CoCoMac). Philosophical Transactions of the Royal
Society B: Biological Sciences 356:1159–1186. DOI: https://doi.org/10.1098/rstb.2001.0908, PMID: 11545697
Thiebaut de Schotten M, Dell’Acqua F, Ratiu P, Leslie A, Howells H, Cabanis E, Iba-Zizen MT, Plaisant O,
Simmons A, Dronkers NF, Corkin S, Catani M. 2015. From phineas gage and monsieur leborgne to h.m.:
revisiting disconnection syndromes. Cerebral Cortex 25:4812–4827. DOI: https://doi.org/10.1093/cercor/
bhv173, PMID: 26271113
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 28 of 29
Research article Neuroscience
Tseng CJ, Froudist-Walsh S, Brittain PJ, Karolis V, Caldinelli C, Kroll J, Counsell SJ, Williams SC, Murray RM,
Nosarti C. 2017. A multimodal imaging study of recognition memory in very preterm born adults. Human Brain
Mapping 38:644–655. DOI: https://doi.org/10.1002/hbm.23405, PMID: 27647705
Ullian EM, Christopherson KS, Barres BA. 2004. Role for glia in synaptogenesis. Glia 47:209–216. DOI: https://
doi.org/10.1002/glia.20082, PMID: 15252809
van den Heuvel MP, Scholtens LH, Feldman Barrett L, Hilgetag CC, de Reus MA. 2015. Bridging
Cytoarchitectonics and Connectomics in Human Cerebral Cortex. Journal of Neuroscience 35:13943–13948.
DOI: https://doi.org/10.1523/JNEUROSCI.2630-15.2015, PMID: 26468195
van Meer MP, van der Marel K, Wang K, Otte WM, El Bouazati S, Roeling TA, Viergever MA, Berkelbach van der
Sprenkel JW, Dijkhuizen RM. 2010. Recovery of sensorimotor function after experimental stroke correlates with
restoration of resting-state interhemispheric functional connectivity. Journal of Neuroscience 30:3964–3972.
DOI: https://doi.org/10.1523/JNEUROSCI.5709-09.2010, PMID: 20237267
Vargha-Khadem F, Gadian DG, Mishkin M. 2001. Dissociations in cognitive memory: the syndrome of
developmental amnesia. Philosophical Transactions of the Royal Society B: Biological Sciences 356:1435–1440.
DOI: https://doi.org/10.1098/rstb.2001.0951, PMID: 11571034
Vincent JL, Patel GH, Fox MD, Snyder AZ, Baker JT, Van Essen DC, Zempel JM, Snyder LH, Corbetta M, Raichle
ME. 2007. Intrinsic functional architecture in the anaesthetized monkey brain. Nature 447:83–86. DOI: https://
doi.org/10.1038/nature05758, PMID: 17476267
Winkler AM, Ridgway GR, Webster MA, Smith SM, Nichols TE. 2014. Permutation inference for the general
linear model. NeuroImage 92:381–397. DOI: https://doi.org/10.1016/j.neuroimage.2014.01.060, PMID: 24530
839
Yogarajah M, Focke NK, Bonelli SB, Thompson P, Vollmar C, McEvoy AW, Alexander DC, Symms MR, Koepp
MJ, Duncan JS. 2010. The structural plasticity of white matter networks following anterior temporal lobe
resection. Brain 133:2348–2364. DOI: https://doi.org/10.1093/brain/awq175, PMID: 20826432
Zaczek R, Simonton S, Coyle JT. 1980. Local and distant neuronal degeneration following intrastriatal injection of
kainic acid. Journal of Neuropathology and Experimental Neurology 39:245–264. DOI: https://doi.org/10.1097/
00005072-198005000-00003, PMID: 6154134
Zola-Morgan S, Squire LR. 1986. Memory impairment in monkeys following lesions limited to the hippocampus.
Behavioral Neuroscience 100:155–160. DOI: https://doi.org/10.1037/0735-7044.100.2.155, PMID: 3964416
Froudist-Walsh et al. eLife 2018;7:e34354. DOI: https://doi.org/10.7554/eLife.34354 29 of 29
Research article Neuroscience
